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Motivation & Problem

[Parameter Definitions] The decision variable is correct. \n  

[Objectives & Constraints] The objective and budget constraints are 

correct, but exclusivity constraints are improperly formulated. \n 

[Generated Code] Function `Rule` expects two arguments (`prop3`, 

`prop4`) but only receives one (`prop3`) causing a `TypeError`. \n 

[Execution Output] Since the code fails, it is no valid output. The 

message indicates a failure in constructing the exclusivity constraint. 

[Correct step] Code Implementation: from pyomo.environ import....

Modeling：We can construct an integer 

linear programming model to maximize the 

number of copies distributed while 

minimizing the total cost. The model can be 

formulated as follows: 

### Decision  Variables: .....
eg.The implementation contains 

syntax errors, undefined variables, 

missing libraries, or logical bugs...

Question：A company needs to complete 

the printing  of three books: Book 1, Book 

2 ……

Code: import coptpy as cp \n from coptpy 

import COPT \n Create a COPT 

environment .....

1.Infeasible Problem
eg. The solver returns infeasible

because the demand exceeds 

capacity...

2.Modeling Error
eg. The model is incomplete or 

incorrectly specified. It is not 

implementable ...

3.Code Error

4.Different Solvers
eg. Using different solvers makes it 

difficult to merge the datasets...

Problems with existing datasets Seed Dataset

OR-ProcessQA

## Set: Routes: R = {A, B, C}，Resources: {Trucks, Drivers}....

## Variables: Number of trucks on routes A, B, C: xA, xB, xC ∈ Z+ .... 

## Objective:  Min CostTotal = 800xA+950xB+100xC   ....

## Constraints: xA ≥ 10, xB ≥ 15 , xA + xB + xC≤ 50  , xA + xB + xC ≤ 60 ....

## Code: from pyomo.environ import *\n\n ....

## Parameters: CostTruck = [500, 600, 700],  CostDriver = [300, 350, 400]....

Figure 1. Left: Existing noisy datasets. Right: Our curated seed data with step-by-step
correctness labels.

OR datasets are alarmingly unreliable— over 30% have serious errors
Noisy data prevents PRMs from learning faithful reasoning

Key Contributions

OR-PRM: first Process Reward Model for OR, providing structured
step-level natural language feedback instead of scalar scores
OR-ProcessQA: first OR dataset with reliable step-level correctness
labels, built via MCTS + GPT-4o verification
+12.5% average accuracy gain across 6 benchmarks in Best-of-N setting

Case Study: OR-PRM Feedback

OR-PRM Structured Critique Output
[Parameters] The decision variable is correct. ✓
[Objectives & Constraints] Budget constraints are correct, but exclusivity constraints are
improperly formulated. ×
[Generated Code] Function Rule expects two arguments but only receives one → TypeError
×
[Judgement] Incorrect
[Corrected Step] The exclusivity constraint should be x3 + x4 ≤ 1, not x4 ≤ x3. Corrected
code: model.addConstr(x3 + x4 <= 1) ✓

Unlike scalar PRMs, OR-PRM provides actionable NL feedback with error localization and
corrections.

OR-PRM vs. Traditional PRMs

Traditional PRM OR-PRM (Ours)

Output Scalar score NL critique
Granularity Per-step Per-component
Error type Binary Categorized
Correction None Auto-fix

Method Overview

Fine-tuning

Post-Training

Q-A: "process": ..,Step1,Step2....
"critic": Decision variable is ... The 
constraint wrong ( should be 
x3+x4≤1, not x4≤x3. ). … This corrected 
version code properly reflects ....
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(1) OR-ProcessQA Dataset Construction

a. Low-to-High Selectionb. Synthesis

Objective & Constraints

Satisfied Constraints Executable Code

...

Step1,Step2,Step3,..Rollout 1 

Step1,Step2,Step3,..Rollout 2 

Step1,Step2,Step3,..Rollout k 

...

(2) OR-PRM Model Training

OR-ProcessQA

� Error Analysis
� Data Diversification

Data Processing

Pipeline: (1) Seed dataset via 3-stage filtering. (2) OR-ProcessQA with MCTS + GPT-4o. (3)
Train OR-PRM (SFT + DPO).

Data & Training

Seed Data: Three-Stage Validation

S1: Code Execution — error-free solver run
S2: Constraint Check — Qwen3-8B verifies x̂

S3: Modeling Accuracy — GPT-4o validates fidelity

OR-ProcessQA: 550K+ Annotated Steps

MCTS generates trajectories; GPT-4o re-evaluates each step
Consensus filter: LabelMCTS = LabelGPT-4o

OR-PRM Training

Stage 1 – SFT: Learn structured NL critique format.

LSFT(θ) = −E(x,y)

 T∑
t=1

logPθ(yt | x, y<t)


Stage 2 – DPO: Preference alignment (+8% over SFT-only).

LDPO = −E
[
logσ

(
β log πθ(yw|x)

πref(yw|x)
− β log πθ(yl|x)

πref(yl|x)

)]
Base: Qwen2.5-7B-Coder, 8×A100, DeepSpeed ZeRO-2, bf16.

Conclusion

OR-PRM is the first Process Reward Model for OR, delivering structured
step-level NL feedback. With OR-ProcessQA, it achieves 12.5% avg im-
provement (Best-of-N) and +23.4% pass@1 as critic, advancing trustworthy
AI reasoning in OR.

Main Results: Best-of-8

Model IndOR Easy Cplx NL4LP NL4O ReSoc Avg

GPT-4o 40.5 69.5 35.1 56.2 53.1 47.9 50.4
DeepSeek-v3 66.7 91.9 39.6 92.7 76.5 73.9 73.6

Qwen-7B 19.0 49.7 12.6 50.0 41.3 36.7 34.9
+PRM 23.8 61.8 16.2 56.7 52.1 46.7 42.9

↑+8.0

Qwen-14B 35.7 66.2 3.6 75.8 61.0 50.4 48.8
+PRM 45.2 89.4 12.6 86.5 67.6 66.7 61.3

↑+12.5

Qwen-32B 47.6 80.0 8.2 87.1 68.5 66.3 59.6
+PRM 57.1 96.0 32.4 89.3 74.2 72.7 70.3

↑+10.7

LLMOPT 52.4 96.0 48.6 90.4 81.7 72.2 73.6
+PRM 59.5 97.8 67.6 93.8 85.0 79.2 80.5

↑+6.9

+24.2% on Complex-LP (32B), +12.5% avg (14B).

Modeling-Critique-Code Pipeline
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(a) pass@1
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(b) pass@8

Complex-LP: +23.4% pass@1 (Qwen-14B), +8.1% (GPT-4o).

Ablation Study

Method Easy-LP Cplx-LP Avg

Pass@8 (upper bound) 94.7 23.4 59.1

Self-consistency 50.8 3.6 27.2
Qwen2.5 (Zero-shot) 72.1 9.9 41.0
OR-PRM (SFT only) 79.6 6.3 43.0
OR-PRM (SFT+DPO) 89.4 12.6 51.0

DPO adds +8.0% over SFT-only (Qwen2.5-14B).
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